This paper estimates a wage growth equation containing human capital variables known from the traditional Mincerian wage equation with year, worker and firm fixed effects included as well. The paper thus contributes further to the large empirical literature on unobserved heterogeneity following the work of Abowd, Kramarz, and Margolis (1999). Our main contribution is to extend the analysis from wage levels to wage growth. The specification enables us to estimate the individual specific and firm specific fixed effects and their degree of explanation on wage growth. The analysis is conducted using Danish longitudinal matched employer-employee data from 1980 to 2006. We find that the worker fixed effect dominates both the firm fixed effect and the effect of the observed covariates. Worker effects are estimated to explain seven to twelve per cent of the variance in wage growth while firm effects are estimated to explain four to ten per cent. We furthermore find a negative correlation between the worker and firm effects, as do nearly all authors examining wage level equations.
Introduction
A well known fact about the labor market is that there exists a large degree of wage dispersion in the levels of wages. The same fact can be said about wage growth, but this has not yet been exploited to its full extent. Wage growth and wage levels are of course closely connected as wage growth is the first difference of wage levels, but the explanation of wage growth is different from the explanation of wage levels. Typically, observable characteristics are estimated to explain around 30 per cent of the variation in wage levels while they are able to explain much less of the variation in wage growth. 1
This leads to other differences in the explanation given by the unobserved effects as well, and it is especially interesting that Abowd, Kramarz, and Margolis (1999) (henceforth denoted AKM), who introduced how to statistically analyze simultaneous observed and unobserved individual-and firmlevel heterogeneity, show that when controlling for unobserved heterogeneity they can explain nearly all of the variation of wages.
The methods have ever since been broadly explored by authors like , Abowd, Finer, and Kramarz (1999) (American data), Abowd, Creecy, and Kramarz (2002) (Amer- ican and French data), Barth and Dale-Olsen (2003) (Norwegian data), Gruetter and Lalive (2004) (Austrian data), Andrews, Gill, Schank, and Upward (2008) (German data) , and Sørensen and Vejlin (2009) (Danish data) . Often, the main focus has been on the question of whether high wage workers are sorting into high wage firms. 2 Almost all studies done to date find small negative or zero sorting in wages. AKM show that the worker effect strongly dominates the firm effects in explaining the wage determination. The worker effect together with the correlation between the worker and the firm effects have been given most attention in the literature. In the literature following AKM the common approach so far has been to focus on the wage level, while very little effort has been spent on explaining the wage growth distribution using these methods. The levels of wages have been the natural starting point of research for several reasons. Firstly, wage levels have been the natural dependent variable in any human capital wage equation ever since Mincer (1958) developed the so-called Mincerian wage equation. Secondly, much earlier research has been forced to use annual wage income making a credible wage growth practically difficult to calculate as the direct wages will be troublesome to extract 1 See e.g. Abowd, Kramarz, and Margolis (1999 , Table II ), Barth and Dale-Olsen (2003 , Table 2 ) and Mortensen (2005) for analysis of wage level equations. In section 5 Robustness we find a degree of explanation of 2.24 per cent in an OLS regression on wage growth.
2 A high wage worker is in the terminology by AKM a worker receiving above what he is expected to, given his level of observable characteristics. A high wage firm is a firm paying wages higher than expected given these same characteristics.
and compare with the corresponding wage one year before, since it might be contaminated by different hours worked and changing bonus schemes, thus containing lots of measurement error.
The goal of this paper is to estimate an empirical model of wage growth allowing for both worker and firm fixed effects. We show that much less of the variation of wage growth can be explained by observables, worker and firm effects compared to the degree of explanation in the levels of wages.
The common results that unobserved worker heterogeneity is more important than unobserved firm heterogeneity and observable covariates are found to be the case for the variance in wage growth as well. Furthermore, we find a negative correlation between the estimated worker specific effects and the estimated firm specific effects of a much stronger magnitude than typically found in wage level analysis.
A more theoretical literature inspired by the empirical findings of AKM argues that the fixed effects in the wage equation do not necessarily correlate very well with the underlying productivity of the firm and worker, respectively. When motivating the AKM specification as a structural representation of the wage equation, it is generally assumed that the outside options of workers and firms are independent of the prevailing match. Recently, several studies have illustrated the implications of relaxing this assumption. Eeckhout and Kircher (2009) and Lopes de Melo (2008) both generate a non-monotonicity in the wage equation due to high productivity firms facing better outside options than their counterparts when they match with a low productivity worker. A low productivity worker has to compensate a high productivity firm for giving up the opportunity to match with a more productive worker. Eeckhout and Kircher (2009) illustrate the insufficiency of wage data alone to identify sorting in the labor market: for every production function that induces positive sorting they can find a production function inducing negative sorting whilst generating identical wages. In Postel-Vinay and Robin (2002) the dynamic nature of the wage bargaining process implies that although workers always move up in the productivity distribution upon a job-to-job transition, a move may be associated with a drop in wages. Bagger and Lentz (2008) adopt this wage setting in an on-the-job search model with endogenous search effort and show that positive sorting can be consistent with a negative correlation between the fixed effects in the wage equation. Shimer (2005) makes the same point within an assignment model. This recent strand of the literature shows that one should be very careful when interpreting AKM type wage decompositions and, hence, we do not push our results in the direction of revealing the underlying productivity structure of the labor market.
Given the theoretical interest alluded to above, one of the contributions of this paper is also to investigate whether or not the structural models need to take into account that the growth rate of wages can be different for different workers. An implication of the human capital model by Mincer (1974) is parallel log earnings profiles across schooling levels. Heckman, Lochner, and Todd (2003) test whether data supports this parallel implication and find that only 1940s and 1950s US Census data support parallel log earnings profiles across schooling levels, while formal econometric tests rejects any support for such parallelism for newer data (1960 to 1990) . Connolly and Gottschalk (2006) show that log earnings profiles are not even parallel when controlling for workers making job-to-job transitions and workers experiencing a non-employment spell between jobs with high educated workers experiencing higher wage growth than lower educated workers.
Postel-Vinay and Robin (2002) and Bagger, Fontaine, Postel-Vinay, and Robin (2007) produce wage equations in which the wage change does not depend on the worker, but only on the current and the last firm that the worker was in. E.g., if it is a high productivity firm then wage changes are large, since the initial wage is low, because the worker is willing to accept an initial low wage at a high productivity firm in order to get higher wage raises in the future, and then high wage firm matches all wage offers.
The paper is organized as follows: Section 2 presents our empirical model, discusses identification and summarizes the implementation procedure. We describe the Danish IDA data in Section 3 and, in particular, the realized mobility patterns that are of high importance for both identification and precision of the parameters. In Section 4 we present the results of the wage decomposition and the analysis taking the estimated parameters as input. In section 5 we analyze the robustness of our model. Section 6 concludes.
at firm J(i, t) arises from the linear model given by; 3
where ∆w it = w it − w it−1 , x it is a 1 × K vector of observed time-varying covariates, β is a conformable vector of slope parameters, θ i and ψ J(i,t) are worker specific and firm specific components of the variation of log wage growth, respectively. ε it is the residual wage growth. Our specification is different from the original AKM specification as the error structure allows for time varying unobservables to have long term consequences on wage growth. Kramarz, Machin, and Ouazad (2009) We shall treat the residual ε it in (1) as a genuine statistical residual. We thus impose the identifying
Equation (2) ensures strict exogeneity, i.e. it rules out endogenous mobility.
Identification of the Person and Firm Fixed Effects
We need to make sure that both person and firm effects are identified. This is no trivial problem though, since the usual techniques by sweeping out the singular row and column combinations from the normal equations of the system cannot be done as the normal equations are solved without actually computing the generalized inverse. Instead, person and firm effects can be identified by forming groups of connected workers and firms using the grouping algorithm developed by Abowd, Creecy, and Kramarz (2002) . To do this, one must use the movers to tie workers and firms together such that each group consists of all the workers who have ever worked for any of the firms within the group and all the firms at which any of the workers has ever been employed at. 4 This implies that a group is a connection of workers and firms in a graph theoretical sense. The algorithm results are displayed in table 1.
As none of the firms in group k is connected to any of the firms in group h for all k = h we cannot compare firm and worker effects between groups. This leaves us with the option of performing the analysis on each group separately or focusing on one group only within which worker and firm specific effects can be identified using conventional methods from analysis of covariance. Table 1 shows that after doing the graph theoretical grouping algorithm by Abowd, Creecy, and Kramarz (2002) the largest group contains almost all observations (99 per cent), workers (98 per cent) and firms (91 per cent) so we will focus on the largest group only and discard all observations belonging to any other group than the largest. This is also the normal procedure in the literature.
It is useful to write equation (1) in matrix notation;
where w and are N * × 1 vectors, D is an N * × N matrix of worker dummy variables, F is an N * × J matrix of firm dummy variables and Z is N * × K matrix of covariates. θ is an N × 1 parameter vector, ψ is a J × 1 parameter vector and β is a K × 1 parameter vector. 5
Equation (4) is known as the Least Squares Dummy Variable method (LSDV), which is a twoway high dimensional fixed effects model. There are several ways to estimate such a model. AKM note that the LSDV estimation of (4) requires the estimation of N worker effects and J firm effects.
Since N is often in millions and J is often in thousands, such an estimation is unfeasible with standard approaches. We use the conjugate gradient (CG) algorithm also used by Abowd, Creecy, and Kramarz (2002) and Kramarz, Machin, and Ouazad (2009) to solve the problem. The CG algorithm deals with the high dimensionality of the data by using sparse matrices and iterates the solution according to a convergence criteria which we have set to 10 −14 .
4 See ACK for a more detailed description of the grouping algorithm. 5 Note that (4) is actually a generalization of the model used by Abowd, Kramarz, and Margolis (1999) . Instead of using wages in level we use wage growth and have furthermore assumed that the firm effects are all constant over time, hence m = 1 in AKM's model.
The Data
The data source used in this paper is the 
The Sample
The raw data consists of 60,847,593 yearly wage observations. The data is then narrowed down to the sample of estimation by the following corrections according to table 2.
First, since we divide the sample into educational groups, the observations with missing educational information are deleted (1,256,538 observations deleted). Second, we only include observations after the completion of the highest education (11,064,910 observations deleted). I.e. if a worker has a job with some lower education and then achieves a new (mainly higher) education, we only include the observations belonging to his last education and are thus deleting all observations prior to the completion of his highest education. This is done such that we are ensured not to compare e.g. an economist when working as an economist with when he was working as a clerk in a department store before finishing his studies. The private and public sector labor markets are very different, and we will only be looking at the private sector, thus deleting all public sector observations (18, 207, 737 observations deleted). Furthermore, if a worker is currently undertaking education he is deleted as well (938,862 observations deleted). If the experience measure of a worker is negative or above his age less his years of education the observation is deleted (15,168 observations deleted observations which then is divided into three educational groups, which are low, medium and high for both men and women. These groups are thoroughly described in the next section.
Observable Characteristics
The IDA data contains actual labor market experience but only measured from 1964 and onwards.
Hence, for workers entering the labor market prior to 1964 this experience measure is left-censored.
Therefore, we construct our own measure of experience as potential experience (age less the total length of education less schooling starting age) at the first observation for a given worker and then add actual increments in experience. Woodcock (2008) uses a similar measure except that he only knows whether or not a worker was employed sometime during a quarter, whereas we have more precise information on actual experience accumulated during each year. Sørensen and Vejlin (2009) also use this measure. Table 3 presents summary statistics of our measure of experience. In our sample men are relatively more experienced than women and low educated are more experienced than high educated. The latter partly reflects that high educated enter the labor market later.
The time varying observables, x it , consist of calendar time and labor market experience. 10 In the implementation we include a full set of year dummies and parameterize the experience profile by including experience and experience squared. Time-invariant characteristics are gender and length of education. We construct an education measure which divides the sample into three mutually exclusive groups: less than 12 years of education, 12-14 years and more than 14 years. The first group contains high-school drop-outs, the second contains high-school graduates, individuals with a vocational education, and individuals with a short cycle tertiary education, and the third contains those with medium and long cycle tertiary educations. We will denote these educational groups as low, medium and high educated workers, respectively. The IDA data does contain considerable 8 The hourly wage measure is calculated on the basis of payments to the Danish mandatory pension scheme, ATP which is a step-function of hours worked. If Statistics Denmark report this hourly measure as non-credible, we delete the associated observation. 9 But only after calculating the wage growth. 10 In the robustness section we include dummies for marital status, parenthood and size of the firm current and one period before to check whether year dummies and experience profiles fully capture observable heterogeneity.
further information on workers. However, this paper focuses on disentangling worker and firm effects and not on which particular characteristics on either the worker or firm side that drive wage growth differentials. Hence, the time-invariant worker characteristics included in the analysis are chosen such that well-defined subsamples can be formed on which separate analysis can be performed.
Since the firm effect in the AKM model is identified from workers moving between different firms it is important to have long panels and a lot of job changes per worker. Table 4 shows the distribution of number of observations for each worker. Each worker appears in the sample on average 9.85 times with men being on average more frequently than women. We have more than ten observations for almost 40 per cent of the entire sample divided on 44 per cent of the male sample and 31 per cent of the female sample. It is only 18 per cent of the total number of workers that appears less than three times in our total sample. The main interest in this paper is to estimate the effect of firm and worker heterogeneity on wage growth. Figure 1 shows the cross-section distribution of wage growth over all years. The wage growth distribution is almost symmetrical around a mean value of three per cent and there are considerable variations.
The Results
In this section we present results for model (4). The model is estimated both in terms of wage growth and wage levels, i.e. the original AKM model. This is done in order to compare the two models. Model (4) is also estimated on subgroups, which allow for the firm effect, the year effect and the experience profile to differ between subgroups.
Contributions of Fixed Effects to the Variance of Wage Growth
Notice that the variance of either wage growth or levels can be decomposed into pairwise covariances between the dependent variable and independent variables. This is shown in equation (5) by inserting for the wage growth equation;
Dividing through by the variance of the dependent variable lets us interpret each component as the relative contribution to the explanation of the variance of the dependent variable. I.e. the degree of explanation by each component arising from the decomposition is given by: 11 Sørensen and Vejlin use the same raw data as us but with a slightly different subgroup selection, and they include a match fixed effect besides worker and firm fixed effects. Their paper also only uses the years from 1980 to 2003. They find that depending on skill levels, the firm effect can be said to explain from 10 to 25 per cent of the variation in wages. Furthermore, they find that the degree of explanation given by firm effects is declining when the skill level increases. Sørensen and Vejlin find the contributions to the explanation of the variance in wages given by worker effects to range from 35 per cent for low skilled workers to 45 per cent for high skilled workers. Table 6 shows summary statistics from the AKM model estimated on wage growth and wage levels and the variance decomposition as shown above. First, turning to the model for wage levels, i.e. the standard AKM model, we find that the worker fixed effects dominates the explanation of the variance 11 Note that for a normal OLS regression with regular covariates included only, ∆wit = x it β + εit the following holds;
of wages explaining around 58 percent of wage variation in the estimation on the full sample. The firm fixed effects contribute with 14 percent, while experience and year fixed effects (put together into Xβ) contribute with 9 percent. However, turning to the subgroup analysis we find that the worker fixed effect mostly dominate for high educated, while for low educated the worker and firm fixed effects are almost equally important. It seems that the heterogeneity in the explanatory power of each is completely based on education and not on gender, even though, of course, there are small differences between men and women. Sørensen and Vejlin (2009) and Dale-Olsen all use unbalanced panels as we do, and they could thus possibly have an upward biased worker effect. It is a subject for further research whether the estimated worker and firm effects are dependent on the panel lengths at hand. Now turning to the main analysis of the wage growth equation. For the full sample the variation in the worker effect explains 8.7 percent, the firm effect explains 4.2 percent, and experience and year effects explain 2.2 percent. I.e., as in the regressions on wage levels, the most important component is the worker fixed effect. When we estimate the model on the six subgroups of gender and educational level an interesting pattern emerges. It seems that especially the worker effect, but to some extent also the firm effect, is more important in explaining women's wage growth. In all subgroups with an equal amount of education the explanatory power of both the worker and the firm effect is higher for women than for men. The clear pattern from the wage level estimation, where worker effects were most important for high educated, is nearly not present in for wage growth. In general, worker effects explain around 8 to 12 per cent, firm effects explain around 4 to 10 per cent, and experience and the year dummies together explain 2 to 3 per cent. That is, the most important component of wage growth is worker specific differences, but it also seems that firm heterogeneity plays a relatively important role in determining wage growth compared to determining variance in wage levels. We also see that experience and year dummies explain a very small fraction of the variation in wage growth. This is not a surprising result though, since (in the Robustness section below (table 8 column (1))) we find R 2 = 0.024 when running a simple OLS regression without including any fixed effects.
Compared to the model for wage levels the degree of explanation is dramatically smaller for wage growth. I.e. we cannot explain the variation in wage growth as precisely as we can explain the variation in the level of wages. Also for wage levels the most important component is the worker fixed effect, while the firm fixed effect and experience and year dummies seem to explain an almost equal share.
The latter part is in contrast to the model for wage growth where the covariates constantly contribute with around half the share of the contribution given by firm fixed effects. Furthermore, given the relatively low contribution given by firm effects compared to the worker effects and the residual could make one doubt the significance of the firm effects. We have tested this for each subgroup using a simple F-test with the hypothesis that the model with firm effects included does not provide a significant better fit of wage growth (and levels) than a model without firm fixed effects included. The test gives a p-value of zero for all subgroups for both wage growth and wage levels. 12 Table 7 shows the correlation structure of the two models for wage growth and wage levels. In levels we see that there is a small but positive correlation between the firm effect and the worker effect in the full sample, but when we turn to the subsamples we find a negative correlation. This is also found by Sørensen and Vejlin (2009) . In the wage growth equation we find a strong negative correlation between the firm effect and the worker effect. I.e. workers with high wage growth are on average in firms with low wage growth. One reason could be the negative bias between worker and firm effects, see e.g. Bagger and Lentz (2008) . This negative correlation between worker and firm effects is consistently stronger for women than for men throughout the educational subgroups, and does not differ much for men whether they are high, medium or low educated, whereas the correlation is much higher (in absolute terms) for high educated women than for low and medium educated women.
Robustness
To analyze the robustness of our results we have run several different specifications of the model. First, to check if the low contribution in the wage growth variance decomposition by covariates results from too few variables added, we have included information on marital status, children, the size of the firm this period and one period before to the covariates. Second, we regress seven different variations of the model to see if the results change between them. Table 8 shows these robustness checks. Column (3) is the baseline model where the only difference compared to the full sample part of table 6 (row 2 -6) is that a very small fraction of the worker effect and the residuals has been absorbed by the covariates with the inclusion of the extra variables. The difference between column (3) and the full sample part of table 6 is not significant on any conventional levels, though, and we have thus no reason to think that excluding the extra covariates alters our results. 13 Column (1) is the original OLS regression and the covariates themselves are seen to explain 2.24 per cent of the variance in wage growth; The same contribution up to four decimals as in the baseline model with both worker and firm fixed effects added. We thus seem to be able to extract truly unobserved heterogeneity by including the fixed effects. The importance of the covariates does not alter much if we include either firm effects (column (2)) or worker effects (column (6)) to the model only, and lies between 2.1 and 2.9
per cent. The contribution from the unobserved worker heterogeneity on the variance of wage growth is relatively robust over columns (3) to (6) but the importance of the unobserved firm heterogeneity seems to increase for models with worker fixed effects included (columns (3) and (5)) than without worker specific effects (columns (2) and (7)). In the end, our model specification seems to be relatively robust. 6 shows that the interrelationship between the worker fixed effects, the firm fixed effects and the covariates remains relatively constant with the firm effects being twice as important as the covariates and the worker effects again twice as important as the firm effects. When analyzing higher period
13 The F-value of a test between the two models is 1, 079.8 and is thus not close of being significant.
wage growth one would expect the different components to absorb some of the residual explanation compared to one-period wage growth; the covariates because experience increases. the firm effect because firms paying consistently higher than average period-to-period wage growth will be paying even higher two-period wage growth. Finally, the worker effect will follow a similar pattern and be more important for describing the variance in wage growth over two periods than in only one period.
Likewise, these effects would be expected to be even more clear when analyzing wage growth over three periods. Table 9 and 10 indeed show that the contribution to the variance in wage growth rises when moving from one-period to two-and three-period wage growth as we would expect. However, it is important to note that the relative contribution does not change much.
Conclusion
This paper estimates a regression model for individual wage growth incorporating fixed worker and firm effects. We find that these worker and firm fixed effects influence wage growth very differently from the way they influence wages in levels. We have decomposed the variance of wage growth and wage levels into contributions from fixed worker effects, fixed firm effects, observable experience and year effects and what is left unexplained. We found that while worker effects could contribute with around 60 per cent for high educated workers, around 42 per cent for medium educated workers and around 35 percent for low educated workers of the variance in wage levels we are only able to attribute around 7 to 12 per cent to worker effects for all three educational groups of the variance in wage growth to fixed worker effects. The same pattern seems to be the case for firm effects, for which we can attribute from 10 to 30 per cent of the contribution to the variance in wage levels, while they are estimated to explain 4 to 10 per cent of the variance in wage growth. Finally, the amount of variance left unexplained is much higher for wage growth than it is for wage levels ranging from 76 per cent to 85 per cent for subgroups and 85 per cent for the full sample in wage growth versus 14 to 25 per cent for subgroups and 19 per cent for the full sample in wage levels.
However, the amount of variance that we can explain increases from 15 per cent to 30 per cent, when we use three-period wage growth instead of one-period growth. Importantly, the interrelationship between the components does not alter considerably when moving from using one-period wage growth to either two-or three-period wage growth, as the worker effect keeps having around twice the explanatory power as firm effects which then have almost twice the explanatory power as observable covariates.
We also find a very strong negative correlation between fixed worker and fixed firm effects in wage growth. Note, furthermore, that a firm can be in more than one sample, so a firm can be present up to three times in the total number of firms and estimable effects. Note: Z in columns 4, 5, 9 and 10 denotes w, θ, ψ, Xβ or ε depending on the row in question. Note: Z in columns 4, 5, 9 and 10 denotes w, θ, ψ, Xβ or ε depending on the row in question. 20,703,609 20,703,609 20,703,609 20,703,609 20,703,609 20,703,609 20,703 
